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INTRODUCTION
It has been established that infrastructure is an important and essential force driving productivity improvement and economic growth (Gramlich 1994) . According to the World Bank (1994) , infrastructure provides access to basic services, facilitates human/physical capital accumulation, promotes trade via linkages to markets, lowers production/transaction costs, and helps improve the environment. Moreover, infrastructure investment is known to directly generate jobs and may lead to inflows of investment to lagging areas, potentially producing beneficial distributive effects. In developing countries, connectivity infrastructure, such as roads and communication, facilitates migration and the emergence of rural non-farm activities. Both are important for bridging the rural-urban disparity that prevails in many economies (Shorrocks and Wan 2005) .
While the literature on the growth effects of infrastructure is sizable and increasing, there is a shortage of research work on its distributive or inequality effects. This is regrettable as rising inequality has become a major socioeconomic issue in developing, emerging, as well as developed countries. If market forces do lead to rising inequality, as argued by Piketty (2014) , government interventions become inevitable. Piketty (2014) suggests the imposition of taxes to help raise public revenue. But equally or more important is public spending. And fast-growing economies spend a significant proportion of government budget on infrastructure. Even industrialized countries are confronted with infrastructure upgrading.
1 Clearly, the distributive impacts of infrastructure provision or spending, largely unaddressed in the literature with a few exceptions (see Section 2), can no longer be overlooked, particularly given the pursuit of inclusive growth by more and more institutions and governments all over the world.
The People's Republic of China (PRC) offers a natural setting to shed light on the distributive impacts of infrastructure. The PRC's investment-driven growth model has been accompanied by huge investment into infrastructure. At the onset of economic reform that began in late 1978, infrastructure investment only accounted for 5.44% of gross domestic product (GDP). This percentage more than tripled, reaching 18.19% in 2010. Note that this tripling was accompanied by fast growth in GDP at an annual rate of almost 10% throughout this period. As a consequence, rural infrastructure saw significant improvement. For example, the amount of investment in rural hydropower construction in 2010 was 12 times that in 1990. Rural consumption of electricity increased from almost zero in 1953 to 663 billion kilowatts in 2010. By then, 99% of villages in the PRC had gained access to electricity and more than 98% of households in the villages had gained access to electricity. In terms of telecommunications, the number of landline telephone subscribers rose from 1.47 million in 1990 to 97.8 million in 2010 in rural PRC. 2 Meanwhile, worsening income distribution has been ranked among the top three most serious socioeconomic and policy issues for decades in the PRC (Wan 2007 (Wan , 2008a (Wan , 2008b Wang, Wan, and Yang 2014) . As Figure 1 illustrates, the overall regional inequality measured by the Theil index rose from a low level of less than 0.04 in 1983 to an alarmingly high 0.18 in 2009, almost quadrupling within a short period of two and half decades. Worse still, inequality within rural PRC increased faster than its urban counterpart. The much steeper slope of the overall inequality curve than either of the 1 Further, up to 70% of lending by multilateral development banks such as the World Bank and Asian Development Bank is in infrastructure, let alone the forthcoming Asian Infrastructure Investment Bank. 2 Data in this paragraph is from the National Bureau of Statistics of China (accessed 7 March 2015). 4 other two curves implies large and growing urban-rural gaps. This contrasts with the fact that the PRC's massive infrastructure investment aims at narrowing down regional as well as urban-rural gaps. It is thus important to analytically explore the distributive impacts of infrastructure. This paper represents one of the first efforts to analyze the distributive impacts of the specific infrastructures of electricity (with electric lights as a proxy), tap water, and telecommunications (with possession of a phone as a proxy) in rural PRC. Due to data unavailability, transportation could not be included. Unlike the majority of previous studies that focus on efficiency effects and also rely on highly aggregated data, this paper will employ disaggregated data. Disaggregation here means using observations at the individual level and using specific physical indicators of infrastructure. The problem associated with aggregated data at the country, province, or community level is well known and does not require elaboration. Preference for using specific physical indicators rather than monetary indicators of infrastructure is discussed by Straub (2008) . Finally, actual access or use of these specific infrastructures is separately modeled, although they are expressed as binary variables. This avoids the difficulty in distinguishing between the issues of availability, accessibility, and affordability.
Another contribution of this paper is to point out the deficiency of the conventional approach to modeling inequality, including those estimating the Kuznets curve or testing the Kuznets hypothesis. Consequently, as discussed later in the paper, the few studies that did explore the distributive effects of infrastructure may be misleading. Alternative analytical approaches are called for and one of them is proposed in Section 3 of this paper.
Applying the proposed simple but appropriate approach to a large set of panel data compiled from the China Health and Nutrition Survey database (CHNS), we find that rural telephone, tap water, and lighting/electricity infrastructures help improve per capita rural income in general. This general impact must have helped contain the PRC's inequality rise because the rural-urban gap constitutes a dominant component of the overall income distribution (Wan 2007) . More importantly, the relatively poor are found to benefit more, demonstrating that rural infrastructure can improve within-rural income inequality. This equalizing impact became more significant in later years. Further, males, the more educated, and the more experienced gain more than their counterparts from all three rural infrastructures, particularly from telephones. Finally, the distributive impacts are more significant in central PRC.
The structure of the paper is as follows. A brief literature review is provided in the following section. This is followed by proposing a simple analytical framework to gauge the distributive effects of infrastructure in Section 3, where we also briefly show the deficiency of the conventional approach to inequality modeling. Section 4 presents empirical results and discussions. Section 5 conducts robustness checks. Finally, Section 6 concludes.
A BRIEF LITERATURE REVIEW
The economic literature on infrastructure began with research efforts to explain the positive correlation between the development of infrastructure, such as railroads, and rapid economic growth in the early days of industrial economies, including Western Europe, Japan, and the United States (Banerjee, Duflo, and Qian 2012) . More recently, there is an increasing recognition that infrastructure plays an important role in promoting growth and poverty reduction in less developed countries (Gramlich 1994 ).
The majority of existing studies have focused on the efficiency or growth effects of public expenditure on infrastructure (Gramlich 1994) . For example, the pioneering work of Aschauer (1989) concluded that non-military public capital stock, particularly transport and water infrastructure, is more important than military spending in explaining productivity change in post-war US. Barro (1990) was among the first to introduce public expenditure into economic growth models and argued that public expenditure, represented by infrastructure, can induce endogenous growth.
Like Aschauer (1989) , Easterly and Rebelo (1993) and, more recently, Canning and Pedroni (2004) have focused on productivity impacts, finding evidence of long-run positive effects of public investment in infrastructure. Using data from European Union (EU) countries, Bougheas, Demetriades, and Morgenroth (1999) found a positive correlation between the level of infrastructure and the volume of trade, implying that infrastructure helps reduce trade costs. Using Geographic Information System (GIS) data, Atack et al. (2010) discovered that infrastructure investment in the 18th century helped promote urbanization in West and Central America. Urbanization in turn brought about economic growth. Through theoretical and empirical analyses, Du, Wei, and Xie (2013) demonstrated the enhancement effect of infrastructure on competition and price, and therefore on the real exchange rate.
These productivity or economic growth effects were confirmed for specific infrastructures, including telecommunications in the US and other industrial countries (Cronin et al. 1991; Röller and Waverman 2001) ; highways, water supply, and sewerage in the US (Morrison and Schwartz 1996) ; and transportation in Organisation for Economic Co-operation and Development (OECD) and non-OECD economies (Canning 1999; Demetriades and Mamuneas 2000) .
Turning to developing countries, apart from analytical studies by Binswanger, Khandker, and Rosenzweig (1993) and Hulten, Bennathan, and Srinivasan (2006) on India, and Banerjee, Duflo, and Qian (2012) on the PRC, a consensus seems to have 6 emerged in the business, policy, and even academic communities that the slower growth in India compared to the PRC can be largely attributed to its poorer infrastructure. For a general discussion on the detrimental growth effects of poor infrastructure in developing countries, see Moccero (2008) .
Another strand of literature directly estimates the poverty impacts of infrastructure. Gibson and Rozelle (2003) found that in rural Papua New Guinea, regions further away from major roads had more severe poverty. Dercon (2005) argued that lack of access to infrastructure prevents households from moving out of poverty. However, these poverty impacts can be easily deduced from the positive growth impacts of infrastructure, holding inequality constant. Thus, poverty reduction alone does not necessarily mean improvement in income distribution. For example, remarkable growth and poverty reduction have occurred in the PRC since the late 1970s, but inequality emerged as a major socioeconomic problem in the 1990s, becoming even more serious over time.
In contrast to the sizable and growing literature on the growth effects of infrastructure, research output on the distributive or inequality effects are scarce and problematic (see Section 3). To our knowledge, only three studies have examined such distributive impacts. Relying on cross-country regressions, Calderón and Chong (2004) and Calderón and Serven (2014) found that income inequality (as measured by the Gini coefficient) was negatively associated with increased availability and quality of infrastructure. In another paper, Banerjee et al. (2012) explored the relationship between transportation infrastructure and the income Gini at the county level in the PRC. Contrary to Calderón and Chong (2004) and Calderón and Serven (2014) , they discovered that access to infrastructure caused rises in inequality. As the following section shows, existing attempts to directly model inequality, including those testing the Kuznets hypothesis, are likely to suffer from serious specification and estimation biases.
ANALYTICAL FRAMEWORK AND DATA
One of the conventional methods to estimate the growth or efficiency impacts of infrastructure is through production function modeling, where infrastructure is included in addition to the usual input variables such as capital and labor. This is clearly inappropriate when individual data is used either because of unavailability of capital or due to the fact that labor input is difficult to measure at the individual level. A natural alternative is to utilize the Mincer earnings function, augmented with infrastructure variables. Let i index individuals and t index years, and our baseline model can be specified as:
where denotes personal disposable income, Sch denotes years of schooling, Exp = Max (0, Age -Sch -7) denotes experience, denotes infrastructure, X denotes control variables, denotes individual fixed effect, denotes year effect and denotes the error term. In this paper, infrastructure variables take a value of 0 or 1, only (1 with infrastructure and 0 without).
3 measures the impact of infrastructure on personal disposable income for the treatment group. To illustrate, we define as:
Clearly, represents the personal disposable income determined by infrastructure, the unobservable provincial fixed effect, and the time fixed effect, with the effects of other variables purged. Now, consider two persons, A and B. In period 1, both are without infrastructure (Inf = 0). In period 2, B is equipped with infrastructure (Inf = 1), while A is not (Inf = 0). Then, the differences over time for A and B are respectively:
It is clear that 3 is equivalent to the difference-in-difference estimator of infrastructure's effect on income-that is, − .
Model (1) can be used to assess the impact of infrastructure on income in general. To explore the topical question of who gains more from which infrastructure, interactive variables can be included. When ( −1 ) × is added, its coefficient captures the income impact of infrastructure on the relatively poor versus the relatively rich. A negative coefficient indicates that those who were poorer previously, gain more. By the same token, Sch × can be added to explore whether the better-educated gain more or less. In this paper, we also consider the gender, working experience, and marriage effects of infrastructure. It is noted that when an interactive variable such as ( −1 ) × is added, it is customary to have the individual variables-for instance, ( −1 ) and -included in the model as well. In particular, the inclusion of the lagged income variable helps accommodate serial autocorrelation, typically inherent in the income variable. Its coefficient signifies convergence (inequality reducing) or divergence (inequality increasing). This differs from the conventional model of convergence or catch-up where income in the initial year rather than the previous year is used. Inclusion of the initial income in the model would make fixed effects estimation impossible.
Our approach differs from the direct modeling of inequality adopted by Calderón and Chong (2004) , Calderón and Serven (2014) and Banerjee, Duflo, and Qian (2012) . In their papers, the inequality indicator of the Gini coefficient (Gini) is regressed on infrastructure with coefficient 1 plus control variables X with coefficients -that is:
where ( ) represents the average infrastructure of a country or county. However, model (5) is likely to produce misleading results. To illustrate this, we simplify (1) as:
where Z denotes all K control variables with coefficients Δ = { }. Then the "true" Gini index of can be derived as (see Wan [2004] ):
where E is the expectation operator and Con denotes the concentration coefficient, which can be computed using:
where denotes the cumulative distribution function of . Note that ( ) does not change when ( ) changes.
The "true" marginal impact of ( ) on the Gini can be easily derived from (7):
It is beyond the scope of this paper to provide the proof, but the "true" distributive effect given by (9) clearly differs from 1 , which represents the estimated distributive effect of infrastructure under the conventional approach used by Calderón and Serven (2014) and others.
Although our proposed approach does not generate direct estimates of the impact of infrastructure on inequality indicators like the Gini, it does provide insights regarding which subpopulation groups gain more from infrastructure. To properly identify and directly estimate the infrastructure impacts on an inequality index, the inequality accounting framework of Wan (2004) can be considered.
To empirically estimate model (1) with additional interactive variables, data are compiled from the CHNS, a longitudinal household survey conducted by the Carolina Population Center of the University of North Carolina and the National Institute of Food Safety of the Chinese Center for Disease Control and Prevention. It is carried out by relevant city/county anti-epidemic stations under the provincial Food Inspection Services. Although the CHNS is designed to collect information on health, nutrition, and family planning, it does contain detailed income and infrastructure data that can be used to address the topical question.
The survey covers the years 1989, 1991, 1993, 1997, 2000, 2004, 2006, 2009, and 2011 . For each year, approximately 4,400 households in nine provinces were surveyed, involving interviews with some 16,000 individuals. The provinces are Liaoning, Heilongjiang, Jiangsu, Shandong, Henan, Hubei, Hunan, Guangxi, and Guizhou, mostly in Eastern or East-Central PRC. Households from Heilongjiang have been added since 1997, and those from Liaoning were not surveyed in 1997. A multistage, random clustering design is adopted to draw samples. Within each province, counties are stratified by income (low, medium, and high) and a weighted sampling scheme is used to select four counties in each province.
In this paper, we focus on individuals who were over 18 years old in the survey year and resided in rural areas. We did not exclude the old-aged who usually work as long as their health permits. This may lead to mortality selection bias, which will be dealt with later in the paper when conducting the robustness check. Income observations are deflated or inflated with 2009 as the base year. Infrastructure is measured as a binary variable in terms of actual use or consumption:
1. Whether he/she uses a telephone(s) 2. Whether he/she consumes tap water 3. Whether he/she can use (electric) lights Table 1 provides definitions of major variables and Table 2 tabulates their summary statistics. Referring to the last two rows of Panel A of Table 2 , the sample sizes are quite large, no less than 270,000. We limit our study to rural areas, resulting in only 48,024 observations. When matched with other variables, the number of observations used for model estimations will be smaller. One may notice the maximum value of 94.67 for the experience variable. This is rather large and will be dealt with later in the paper when conducting the robustness check. 
EMPIRICAL RESULTS AND DISCUSSIONS

Baseline Model
The baseline model of (1) is estimated using OLS with fixed effects and the standard errors clustered at the household level. Table 3 reports the estimation results. Broadly speaking, most of the estimated parameters have the expected signs, although the schooling variable is not significant in any of the equations. Also, lights are negatively correlated with income, but the parameters are not significantly different from 0. The insignificance does not necessarily mean that electricity is unimportant. As mentioned earlier, the electricity/lighting impact is hard to identify or estimate given the rather small variation in the observations. In any case, having access to tap water and telephone can significantly increase the income of rural laborers, averaging about 3-4 percentage points.
Because the rural-urban gap accounts for 70% or more of the total inequality in the PRC (Wan 2007 ) and the rural average income is one-third or less of the urban counterpart, the general positive income effects imply that infrastructure investment in rural PRC had played a role in helping contain the worsening income distribution in the PRC. In other words, without these investments, the PRC's alarming inequality could be worse. Nevertheless, this finding cannot be used to answer the topical question of who gained more from infrastructural development, an issue to be addressed in Section 4.2.
It is interesting to note that a return to working experience is estimated to be around 7 percent when evaluated at its sample mean of 20.4 years (see Table 2 ). This is higher than the estimated return to schooling. The larger-than-expected estimate may be caused by the omitted variable bias in model (1). For example, returns to schooling and experience may be conditional on infrastructure, which requires inclusion of interactive variables in the model. This problem will be dealt with in the next subsection. 2) *** p < 0.01, ** p < 0.05, * p < 0.1.
Source: Authors' estimations based on CHNS data.
Distributive Impacts for Population Subgroups
As discussed earlier, the model to be used to assess the convergence or divergence impact of infrastructure can be expressed as (disturbance term suppressed):
where 2 > 0 implies that the relatively rich benefit more from infrastructure, while 2 < 0 represents the opposite.
There are two issues with the model in equation (10). One is omitted relevant variable bias. People become richer probably because infrastructure enhanced the potential earning power of those with better education or more work experience. This will result in bias in estimation. One way to alleviate this problem is to control as many individualspecific variables as possible, such as schooling, experience, gender, marriage, and their interactions with infrastructure.
Another problem is the presence of endogeneity since (10) is a dynamic panel model with fixed effects. Therefore, we employ system GMM of Blundell and Bond (1998) to estimate (10). The lagged income variable and its interaction with infrastructure are set to be endogenous (GMM-style) variables. The lag length is chosen when second-order autocorrelation disappears. It is also important to ensure that the model is not over identified, which can be formally tested by the Hansen statistics (p-value > 0.10).
Panel A of Table 4 reports the estimation results. Contrasting with Table 3 , the models fit the data better in terms of both signs of parameter estimates and level of significance, even for the light or electricity equation. However, the light or electricity model remains less reliable. For example, the estimated coefficient of AR(1) in the electricity model exceeds unity. In any case, the estimated rate of return to schooling is 4-5%, systematically lower than the counterparts in Table 3 , indicating possible biases caused by endogeneity in equation (1). More importantly, as the 2 parameter is significantly negative in all equations, it can be inferred again that the relatively poorer gained more from all the three basic infrastructures. One implication is that infrastructure as a public good can be used as a policy tool for combating inequality, not just for promoting growth. 2) *** p < 0.01, ** p < 0.05, * p < 0.1.
3)
= 2 ( −1 ) + 3 . Source: Author's estimation based on CHNS data.
According to equation (10), the log-income difference between those with and without infrastructure is simply 2 ( −1 ) + 3 . These differences are evaluated at the average log-income of those without the infrastructure, so the computed differences exactly represent the impacts generated by the presence of infrastructure. Panel B in Table 4 reports the impacts.
3 Clearly, they differ across infrastructure. Telephone contributes slightly more to income growth than tap water (for instance, 37.84% > 33.76%). This is not surprising as telephones provide market and employment information to rural households, opening up more opportunities. On the other hand, the impact of tap water is more indirect and gradual, largely reflected in the health status. Now, let us add additional interactive variables into the model, examining the possible differences in the impacts of infrastructure for population subgroups classified by schooling, gender, marital status, and experience. Taking schooling as an example, the model to be estimated can be written as
In model (11), 1 > 0 means the better-educated benefit more from infrastructure
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The same identification and estimation strategy adopted to obtain Table 4 is repeated here. Panel A of Table 5 reports the estimation results. The coefficients for the interactive variables indicate that the better-educated benefit more than the less educated, as do males than females, and the more experienced than the less experienced. The premium for the married is positive but insignificant. These are all consistent with a priori expectations. In particular, the earlier finding that telephones exerted larger impacts is still valid (30.58% > 22.62%, see bottom panel of Table 5 ). Contrary to the results in Table 4 , the coefficient estimate of the interactive term between schooling and infrastructure is larger than that of the experienceinfrastructure term. Also, unlike Table 4 , the coefficients of schooling and experience as reported in Table 5 are no longer significant. One possible reason is that without basic infrastructure, residents in rural PRC have few opportunities to engage in income earning activities. In other words, returns to education and experience are likely to be conditional on the presence of basic infrastructure, as confirmed by the significant coefficients of the interaction terms of school and experience with infrastructure. In other words, infrastructure helps open up more opportunities for those with better education or more experience. Thus, more investment in education in rural PRC is called for in order to fully explore the synergy between human capital and infrastructure.
FURTHER DISCUSSION ROBUSTNESS CHECKS
In this section, we use subsample data to estimate models for different time periods and different areas. Robustness checks are then carried out by redefining the experience variable, by alleviating mortality selection bias, by reconstructing the telephone data, and by addressing possible reverse causality. Hereafter, we only consider models for telephone and tap water as data for electricity or lights contain limited variations.
Subsample Results
It was planned to examine the robustness to timing by splitting data into two periods: 1989-2000 and 2000-2011. However, observations on telephones were not collected until the 1997 survey. Thus, for telephone, it is not feasible to estimate the model by GMM for the period of 1989-2000. Instead, data for the period 1989-2006 is used. Table 6 presents the robustness check results. It is clear that the signs of parameter estimates are all consistent with those in Table 5 with only a couple of exceptions. But these few exceptional cases are associated with insignificant coefficients. More importantly, both the general efficiency/income effects and distributive effects became stronger over time as far as telephones are concerned, judging by the increases in the absolute values of the parameter estimates. The opposite occurred in the case of tap water. These results may partly reflect the fact that tap water accessibility is always higher than for telephones, except in the crisis year of 2009. Note: 1) Robust standard errors in parentheses, clustered at household level.
2) *** p < 0.01, ** p < 0.05, * p < 0.1.
3) + p < 0.12.
Source: Author's estimation based on CHNS data.
To examine the robustness to different areas, data for east, central, and west PRC are used to estimate the telephone and tap water equations. As Table 7 shows, the estimates are broadly consistent with those in Tables 5 and 6 , reinforcing the earlier robustness check results. Also, it is interesting to note that both the general income and distributive effects are larger in inland PRC than in east PRC, probably due to the already higher accessibility rate in coastal PRC. 2) *** p < 0.01, ** p < 0.05, * p < 0.1.
Robustness Check for Measurement Errors
Referring to Table 2 , the maximum value for the experience variable reached 94.7 years, which seems to be problematic. To examine robustness to potential errors in this variable, we cap its values at certain ages-that is, we redefine this variable by assuming that experience does not change anymore after an individual reaches 65, 70, or 80. The results remain robust according to Table 8 , which confirms that the better educated, the more experienced, and the male gain more from rural infrastructure. Note: 1) Robust standard errors in parentheses, clustered at household level.
Next, our data may suffer from mortality selection bias, as an old individual in the sample may possess characteristics that are different from those who have passed away (Fitzgerald, Gottschalk, and Moffitt 1998) . To address this problem, we drop observations corresponding to ages greater than 65, 70, or 80. Observations for these individuals before they reached these ages are kept in the sample. Again, the results remain robust according to Table 9 . 2) *** p < 0.01, ** p < 0.05, * p < 0.1.
The third possible measurement error relates to the observed decline in telephone accessibility after 2004. This could be caused by possible confusion between landline and mobile phones. In the early years, mobile phones were rare in rural PRC, and the later surveys may have failed to fully account for the replacement of the landline by mobiles. One imperfect but acceptable way to deal with such errors is to drop observations for those who previously had access to a phone but "lost" access later.
Observations before he/she lost the access are retained. The results are reported in Table 10 . Once again, the results are robust. Note that the mortality selection bias is corrected for models in columns 2-4 of Table 10 . 2) *** p < 0.01, ** p < 0.05, * p < 0.1.
Endogeneity (Reverse Causality)
Recall that biases arising from possibly omitted variables and mortality selection have been addressed. To a certain extent, biases caused by unobservable variables are corrected via fixed effects estimations. Major measurement errors are discussed in 5.2.
One remaining problem is possible endogeneity as consumption of infrastructure may depend on affordability or income. To alleviate this reverse causality problem, we construct an infrastructure variable at the village level by replacing the binary observations on infrastructure by the average access rate to various infrastructures of relevant villages. This new infrastructure variable becomes continuous in the interval [0, 1] . This is justified as infrastructure has a spillover effect. A household without direct access to tap water may still benefit from tap water if the access rate of the corresponding village is high enough. More importantly, any single individual cannot significantly influence the access rate of the whole village. We will also cluster the standard error at the village level. In this way, reversed causality or endogeneity can be alleviated. Table 11 reports the estimation results. Once again, our results are robust. Note: 1) Robust standard errors in parentheses, clustered at village level.
CONCLUSIONS
This paper is motivated by the gap in research on the distributive effects of infrastructure, despite an increasing literature on its growth and productivity impacts since the late 1980s. In addition, the need to focus on the distributive impacts arises from the universal and growing discontent with rising inequality almost everywhere, coupled with huge spending on infrastructure in many countries.
Having outlined the deficiency of the conventional approach to inequality modeling, a simple but useful model is proposed and applied to examine the distributive effects of telephone, tap water, and to some extent electricity/lighting on individual income in rural PRC. It is found that all infrastructures helped raise rural income, with the growth effects becoming larger in later years. More importantly, income gains differ for different population groups. By and large, males, the relatively poor, the more experienced, the better educated, and to a lesser extent those who are married share more of the gains relative to their counterparts. The telephone effects are stronger than for tap water, and the infrastructure impacts are more significant in inland PRC than elsewhere. It is useful to point out that the tap water effect is likely to be indirect, with long lags. Such long-run effects may not be fully captured by our models. Proper identification and reliable estimation of such long-run effects also require time series data that span more years than the current CHNS database can provide.
